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Background and objective:  Kansas hosts the second-largest number of wells in the United States for 
the disposal of oil and gas waste (n = 13,396), which can contain chemicals toxic to human health.  In 
this study we evaluate potential associations between oil and gas waste disposal well locations and 
sociodemographic characteristics in Kansas.   
Methods:  We obtained oil and gas production and disposal well data from the Kansas Geological 
Survey and sociodemographic data at the census block group level from the United States 2013–2017 
American Community Survey.  We used two-variable t-tests, logistic regression with and without thin 
plate spatial splines, and generalized additive modeling to evaluate associations between disposal well 
presence and sociodemographic variables including population density, sex, age (percent 0–17 and 
percent 65+), percent white, percent high school completion rate, percent without health insurance, 
renter occupancy rate, percent unemployment, median household income, median home value, income 
concentration at the extremes, percent in poverty, median individual earnings, and production well 
counts, among others. 
Results:  Bivariate analyses showed block groups with disposal wells (n = 489) compared to those 
without disposal wells (n = 1,850) to have lower population density (7 versus 978 person/km2), percent 
female (49.7% versus 50.7%), percent without health insurance (7.6% versus 8.6%), renter occupancy 
rate (19.7% versus 32.3%), unemployment rate (3.1% versus 4.1%), home values ($101,050 versus 
$112,800), and percent in poverty (9.2% versus 10.9%); and higher percent white (92.7% versus 80.9%) 
and percentage 65+ (18.5% versus 13.6%).  After adjustment in multivariable models, the odds of 
disposal well presence in a block group were 22% lower per 100-person/km2 increase in population 
density (OR = 0.78, 95% CI: 0.74–0.83) and 4% higher per additional production well (OR = 1.04, 95% 
CI: 1.03–1.04).  No other covariates significantly predicted disposal well presence. 
Conclusions:  Disposal well presence in Kansas was negatively associated with population density and 
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Oil and gas development in the United States is estimated to produce over 3.27 trillion liters of 
wastewater per year (United States Environmental Protection Agency 2016; Veil 2015).  This 
wastewater can include both chemicals used in hydraulic fracturing, the extraction of oil or gas from 
underground rock formations by injecting chemicals and water at high pressures to fracture the rock and 
release oil and gas, and chemicals from naturally occurring formation brines mixed with oil and gas 
deposits.  This naturally occurring wastewater can contain halides, heavy metals, metalloids, and 
naturally occurring radioactive materials from the underground rock that rise to the surface in both 
fractured and non-fractured oil and gas wells (Kondash et al. 2017).  Some of the chemicals in 
wastewater from oil and gas development are known to be toxic to humans.  Several are known 
endocrine disruptors (Kassotis et al. 2016), at least 62 are known or suspected reproductive or 
developmental toxicants (Elliott et al. 2017a); and 8 are known, 3 are probable, and 16 are possible 
carcinogens (Elliott et al. 2017b). 
 
Oil and gas producers primarily dispose of wastewater from oil and gas development via injection into 
underground disposal wells (Kondash et al. 2017; United States Environmental Protection Agency 
2016) that release waste from oil and gas development directly into underground rock formations.  
Potential exposure pathways to oil and gas wastewater associated with underground disposal wells 
include the contamination of surface and ground water from spills at disposal well sites (Shrestha et al. 
2017; United States Environmental Protection Agency 2016; Vengosh et al. 2014) or belowground leaks 
or cracks in the wells themselves (United States Environmental Protection Agency 2016).  Researchers 
have found water quality degradation (Akob et al. 2016) and endocrine disruption chemical activity 
(Kassotis et al. 2016) in water adjacent to and downstream of disposal well sites.  Moreover, researchers 
have linked oil and gas disposal via underground injection to increases in seismic activity (Ake et al. 
2005; Deichmann and Giardini 2009; Ellsworth 2013; Frohlich et al. 2014; Horton 2012; Keranen et al. 
2014; Kim 2013; Langenbruch and Zoback 2016; McGarr et al. 2015; Peterie et al. 2018; Rubinstein et 
al. 2014, 2018; Walsh and Zoback 2015; Weingarten et al. 2015). 
 
The United States has a long history of disposing of toxic waste in low-income communities and 
communities of color (Bullard 2000; Bullard et al. 2008; Chavis and Lee 1987; Mohai and Saha 2015; 
United States Government Accountability Office 1983; Zimring 2017) that has not improved over time 
(Bullard et al. 2008; Mikati et al. 2018).  Residence near hazardous waste sites has been linked to a 
variety of negative health outcomes including cancers and perinatal effects (Fazzo et al. 2017).  
Exposure to chemicals in toxic waste may explain increased rates of various adverse health outcomes in 
low-income communities and communities of color in the United States, including adverse perinatal, 
respiratory, and other health outcomes (Morello-Frosch et al. 2011). 
 
Despite broad evidence of disproportionate disposal of toxic waste in general in low-income 
communities and communities of color, however, the specific siting of oil and gas disposal wells in 
relation to those factors has not been well studied.  A recent search of the literature found eight studies 
that examined associations between sociodemographic factors and UOG production (not disposal) 
wells, with mixed results (Clough and Bell 2016; Czolowski et al. 2017; Fry et al. 2015; Johnston et al. 
2016; McKenzie et al. 2016; Ogneva-Himmelberger and Huang 2015; Silva et al. 2018; Zwickl 2019), 
but only two prior studies have evaluated associations between sociodemographic factors and oil and 
gas waste disposal well sites.  One focused on the Eagle Ford region of Texas and found that a 
disproportionate proportion of the people of color in the region lived near a disposal well, and that 
disposal wells were disproportionately sited in high-poverty areas (Johnston et al. 2016).  The other, 
focusing on Ohio, also found an inverse association between median income and disposal well presence 
(Silva et al. 2018).  Thus more research expanding those analyses to more states is needed to evaluate 






Kansas is the logical next state for such a study, as it hosts the second-largest number of wastewater 
disposal wells in the United States, after Texas (United States Environmental Protection Agency 2015a) 
and has seen a surge in injection fluid volumes since 2012 (Peterie et al. 2018).  Kansas oil and gas 
formations contain high volumes of naturally occurring formation brine mixed with oil and gas reserves, 
and approximately one fourth of the over 240,000 oil and gas vertical production wells drilled in Kansas 
are also hydraulically fractured (Suchy and Newell 2011).  Researchers have particularly associated 
increased seismic activity in Kansas since 2013 with recent increases in underground fluid injection 
(Peterie et al. 2018; Rubinstein et al. 2018).  This study thus seeks to add to the literature assessing the 
impacts of oil and gas waste disposal wells on communities by evaluating associations between 










To investigate associations between residence near an oil and gas waste disposal well presence and 
sociodemographic factors, we obtained data from three sources:  
1. Geographic coordinates and status information for production and disposal wells from the 
Kansas Geological Survey oil and gas well database (Kansas Geological Survey 2018c); 
2. 2017 census block group geographic boundaries, land areas, and water areas from the United 
States Census Bureau TIGER database (United States Census Bureau 2017); and 
3. Socioeconomic data from American Community Survey (ACS) 2013-2017 five-year estimates 
at the census block group level (United States Census Bureau 2018). 
We conducted analyses at the census block group level because it was the smallest geographic unit for 
which socioeconomic data were available and allowed us to analyze associations at the neighborhood 
level, as block groups in Kansas have a median size of 2.1 km2 and a median population of 1052 
persons (United States Census Bureau 2018).   
Well data 
We obtained surface hole latitude, surface hole longitude, and status information for all wells known by 
the state of Kansas to be permitted or drilled as of October 31st, 2018, from the Kansas Geological 
Survey, the official state repository for oil and gas well records (Kansas Geological Survey 2018c).  The 
database included 483,303 entries with unique Kansas identification numbers (KIDs) (Kansas 
Geological Survey 2018). 
We required every oil and gas production well and saltwater disposal well in the analysis to have a 
unique set of latitude and longitude coordinates and a unique American Petroleum Institute API number 
with a unique state, county, and well identifier combination (i.e., a unique first ten digits).  Because the 
first ten digits of the API number identify a unique wellbore (Professional Petroleum Data Management 
Association 2013), whereas KIDs identify unique events at each wellbore (e.g., production wells then 
worked over to become disposal wells), multiple KIDs can correspond to a single API unique well 
identifier.   
Disposal wells 
We classified a well as a disposal well if it had a primary status (“STATUS”) or secondary status 
(“STATUS2”) containing the character string “SWD” (saltwater disposal well) or a comment field 
(“COMMENT”) containing one or more of the strings “swd”, “disp”, “salt”, “class”, or “waste”.  We 
then manually reviewed those well entries (n = 354) included via the comment field to determine their 
status.  (See Figure 1 for the complete saltwater disposal well inclusion procedure.)  For 83 well entries 
with comments that left the disposal well classification ambiguous, we retrieved and reviewed available 
ACO-1 well completion forms and/or well logs from the Kansas Geological Survey Data Resources 
Library (Kansas Geological Survey 2018a).  Ultimately, 13,168 wells were included by primary status, 
160 by secondary status, and 68 by manual comment review, yielding a total of 13,396 unique wells. 
Production wells 
We classified a well as a production well if it had a primary status of a type likely to result in produced 
water during its operation.  Specifically, we classified a well as a production well if its primary status 
included the text “CBM” (coal-bed methane), “EOR” (enhanced oil recovery), “GAS”, “INJ” (injection 
for purposes of production), “O&G” (oil and gas), or “OIL” (Kansas Geological Survey 2016), leaving 
246,249 production wells.  To avoid double-counting wells, we excluded 4,008 wells that shared API 
unique well identifiers with previously identified disposal wells (due to workovers and similar events), 







The United States Environmental Protection Agency holds that environmental justice requires that no 
group should bear a disproportionate share of negative environmental consequences (United States 
Environmental Protection Agency 2015b).  We and other researchers (Tessum et al. 2019) argue that 
this definition does not go far enough, and that true environmental justice would require individuals to 
be exposed to environmental hazards in proportion to their responsibility for their generation.  
Nonetheless, in this analysis we sought to evaluate social vulnerability to environmental hazards, 
including both factors potentially associated with increased likelihood of exposure to environmental 
hazards (e.g., non-white racial and ethnic identities) (Bullard et al. 2008; Cushing et al. 2015; Mohai et 
al. 2009; Mohai and Saha 2015; Morello-Frosch 2002; Morello-Frosch and Lopez 2006; Solomon et al. 
2016), indicators of susceptibility to existing hazardous environmental exposures (e.g., youth or old 
age) (Bell et al. 2013; Morello-Frosch et al. 2011; Solomon et al. 2016), or both (e.g., poverty).  We 
obtained data on sociodemographic factors from American Community Survey (ACS) 2013-2017 five-
year estimates (United States Census Bureau 2018) at the block group level to evaluate associations at 
the smallest possible spatial scale.   (See Table 1 for more detailed variable descriptions, derivations, 
and census codes.)   Ultimately, we chose a set of variables based on indicators of social vulnerability 
used in prior literature (e.g., Casey et al. 2016, 2017): 
• Total population (n) 
• Sex (% female) 
• Age 
o Age 0-17 (%) 
o Age 65+ (%) 
• Race and ethnicity 
o American Indian or Alaska Native (alone or in combination with one or more other 
races) (%) 
o Black or African American (alone, not Hispanic or Latino) (%) 
o Hispanic or Latino (any race) (%) 
o White (alone, not Hispanic or Latino) (%) 
• High school completion rate (%) 
• Limited English-speaking households (% of all households) 
• Health insurance coverage (% with no health insurance) 
• Renter occupation rate (% of total housing units rented) 
• Unemployment rate (%) 
• Median household income ($) 
• Median home value ($) 
• Poverty rate (%) 
• Median individual earnings ($) 
To investigate relationships between disposal well locations and extreme income inequalities at both 
ends of the spectrum, we obtained data on 2017 income quintiles from the United States Census Bureau 
historical income tables (United States Census Bureau 2018) to calculate the 
• Income concentration at the extremes (ICE). 
The ICE (Massey 2001) measures the position of a neighborhood along a continuum from deprivation 
to affluence.  Unlike metrics of economic disadvantage like poverty rate or unemployment rate, which 
measure and focus attention on persons at the low end of economic polarization, the ICE implicitly 
recognizes a power relationship between high- and low-income areas and recognizes the potential 





potentially at least equal to the influence of households in areas of concentrated low income (Krieger et 
al. 2016).  Here the ICE is calculated as  
 − 
 , 
where  is the number of households in the census block group in the highest fifth of the United States 
household income distribution,  is the number of households in the census block group in the lowest 
fifth of the United States household income distribution, and  is the total number of households in the 
census block group.  In 2017, the upper income cutoff for the bottom quintile of households in the 
United States was $24,638 and the lower income cutoff for the top quintile of households in the United 
States was $126,855 (United States Census Bureau 2018), which we approximated as the number of 
households with incomes below $25,000 and the number of households with incomes above $125,000, 
respectively, as those were the cutoffs closest to the income quintile boundaries in the ACS household 
income data.  The index ranges from -1 to 1, where -1 indicates concentrated economic deprivation and 
1 indicates concentrated economic affluence. 
Geographic data and spatial variables 
We obtained 2017 census block group boundaries and centroid latitude and longitude coordinates for 
the 2,351 census block groups in Kansas corresponding to the 2013–2017 American Community Survey 
five-year estimates in a TIGER/Line geodatabase feature class from the United States Census Bureau 
(United States Census Bureau 2018b), which uses the Global Coordinate System North American 
Datum of 1983 (NAD 1983).  We obtained the land and water area of each census block group in square 
kilometers from the ALAND and AWATER variables, respectively, in the attribute table of the census 
block group feature class.  We also divided the total population area of each block group by its land area 
to obtain its population density in persons per square kilometer (km2).   
Of the 2,351 block groups in Kansas, we removed 12 from analyses that had zero population, none of 
which contained any disposal wells, leaving 2,339 block groups for potential inclusion in analyses.  For 
rurality sensitivity analyses, we classified census block groups as rural if they had a population density 
greater than 0 but less than 1,000 people per square mile (386 people/km2) (n = 1,013). 
We conducted complete cases analysis for the univariable analyses based on the availability of data for 
that variable, as ACS data availability for populated block groups varied by variable (Table 2).  
Specifically, for the main analysis using median household income, we removed an additional 46 block 
groups with no data on median household income from the analysis, leaving 2,293 (97.5%) of the block 
groups for the analysis.  Three of the block groups with missing data on median household income 
contained saltwater disposal wells: 
• GEOID 200099718002 (n = 6 disposal wells) 
• GEOID 201679738003 (n = 6 disposal wells) 
• GEOID 200150202033 (n = 1 disposal well) 
We assigned production and saltwater disposal wells to block groups by using the project function in 
ArcGIS (version 10.5.1, ESRI, Inc., 2017)  to transform their latitudes and longitudes from the NAD27 
datum into the NAD 83 datum of the block group data followed by the spatial join function to locate 
each within a block group, ultimately creating one variable for presence of at least one disposal well and 
another for production well count.  (We also created additional variables for use in future analyses, 
detailed in Appendix 1.)  Because degree distances in latitude and longitude are not uniform on the 
surface of the earth, for all spatial analyses requiring distances among census block groups, we 
transformed the GCS NAD 83 latitude and longitude coordinates of the census block centroids, 







We first conducted visual exploration of the dependent variable via examination of a map (Figure 2) and 
histogram (Figure S1) and of the independent variables via maps (Figures 3-4), box plots (Figure S2), 
and density and quantile-quantile plots (Figure S3).  Due to the non-normal distributions of most of the 
variables except for age < 18 and ICE, we calculated the non-parametric Spearman rank correlation 
coefficient (Spearman 1904) of all independent variables using all complete pairwise observations 
(Figure 5).  We chose a non-parametric method to allow for the non-normal distributions of some of the 
variables (Figures S2 and S3) and potential non-linear relationships between them.  Eleven variable 
pairs showed high absolute correlation values: 
• Land area and population density (rspearman = -0.94); 
• ICE and household income (rspearman = 0.91); 
• Percent Hispanic or Latino and percent white only, not Hispanic or Latino (rspearman = -0.8); 
• Land area and water area (rspearman = -0.77); 
• ICE and percent in poverty (rspearman = -0.77) 
• ICE and median individual earnings (rspearman = 0.76); 
• Median individual earnings and median home value (rspearman = 0.76); 
• ICE and median home value (rspearman = 0.74);  
• Water area and population density (rspearman = -0.72); 
• Median household income and percent in poverty (rspearman = -0.75);  
• Median household income and median home value (rspearman = 0.73). 
Among the correlated non-economic variables, we excluded land area, water area, and percent Hispanic 
or Latino from multivariable analyses in order to include population density and percent white. We 
chose population density because population density (Silva et al. 2018) and rurality (Johnston et al. 
2016) were been shown to predict disposal well presence in Ohio and Texas, respectively.  We chose 
percent white because the prevalence of white individuals (76.4%) is much higher than the prevalence 
of Hispanic and Latino individuals (11.5%) in Kansas (United States Census Bureau 2018).  Among the 
correlated economic variables, we chose median household income for the main analysis to facilitate 
comparison with a study similar to this one conducted in Ohio (Silva et al. 2018) and reran analyses 
with the other four (median home value, ICE, percent in poverty, and median individual earnings) as 
sensitivity analyses.  We excluded three additional variables from multivariable analyses due to their 
low prevalence in Kansas overall: limited English households (2.5% of households), percent Black or 
African American (5.6% of persons), and percent American Indian and Alaska Native (2.1% of persons) 
(United States Census Bureau 2018).  This left the variables population density, percent female, percent 
under age 18, percent age 65 or above, percent white, percent with a high school education, percent with 
no health insurance coverage, percent unemployed, median household income, and production well 
count for the main multivariable analyses. 
For the bivariate analyses, we used two-sample t-tests with the Welch correction for unequal variances 
to compare block groups with and without disposal wells, correcting the p-values for multiple testing 
using Holm’s method (Holm 1979).  We then ran univariate logistic regressions predicting the presence 
or absence of a disposal well in a census block group.  We checked the assumption of linearity in the 
logit for the univariable logistic regressions by creating locally estimated scatterplot smoothing 
(LOESS) plots of the independent variables considered for the logistic regression model against the 
logit of the probability of the presence of a disposal well in a block group and examining them for 
linearity (Figure S4). 
For the multivariable analyses, we applied three different core sets of models to the datasets.  In the first 
set of models, we used a conventional non-spatial multivariable logistic regression model to estimate 





random variable representing the presence ( = 1) or absence ( = 0) of one or more disposal wells 
in census block group i and  be the probability that  = 1, we model the natural logarithm of the odds 
of a block group containing a well as a function of the available covariates , . . . , : 
  1 −   =  +  +  + ⋯ +  
We then tested the model residuals for spatial autocorrelation using both Moran’s I (Moran 1950), 
entering distances between census block group centroids for the necessary distance matrix, and visual 
examination of maps of standardized deviance residuals (Figures 7, 9, S7, and S8).   
Upon finding spatial autocorrelation in the residuals, we then fit a second set of models to add a block-
group-specific thin plate regression spline term, which allowed us to include spatial location in the 
model as an isotropic bivariate function of longitude and latitude (Wood 2003; Wood and Augustin 
2002): 
  1 −   =  +  +  + ⋯ +  + ( , )  
In this model,  is the longitude equivalent and  the latitude equivalent after projection into planar 
meter units and ( , ) a smooth thin plate spline term modeling their interaction.  We used an upper 
limit of 50 basis dimensions to fit the smooth spatial spline term in all models, conducting smoothing 
parameter selection via maximum likelihood (ML) estimation.  ML-based smoothing parameter 
selection offers better mean square error performance than generalized cross-validation-based methods 
(Wood 2011) but still allows for post-hoc model comparisons via likelihood-based methods like the 
Akaike Information Criterion (AIC), unlike restricted maximum likelihood (REML)-based methods 
(Zuur et al. 2009).  We used profile likelihood-based confidence intervals instead of the more 
conventional Wald confidence intervals for odds ratio estimates due to near-perfect separation of the 
dependent variable by population density and production well count in some models, which causes in 
inflated Wald standard error estimates (Heinze and Schemper 2002). 
In the third set of models, to account for the non-linearities in the independent variables revealed in the 
LOESS plots (Figure S4), we used generalized additive models (GAMs).  GAMs allow non-linearities 
in all terms by fitting them using splines.  We used thin plate splines with ML for smoothness selection:   
  1 −   =  + () + () + ⋯ + () + (, ) 
We allowed an upper limit of 5 basis dimensions for each non-spatial model term and 50 basis 
dimensions for the spatial interaction term and allowed the model to partially automate term selection 
(i.e., penalize some model terms to zero) by using the select = TRUE option in the gam function in the 
mgcv package in R.  Because this model allows non-linearities in all terms, it exchanges model 
interpretability for model fit: although the model might fit the data more closely with less error, simple 
linear interpretations of odds ratios are no longer possible. 
We conducted all geographic analyses using ArcGIS version 10.5.1 (ESRI, Inc., 2017) unless otherwise 
specified and all statistical analyses in R version 3.5.3 (R Core Team, 2019).  R packages used in the 
analyses include the tmap package for spatial transformations and the creation of demographic maps 
(Tennekes et al. 2019), the ape package for calculation of Moran’s I (Paradis et al. 2019), and the mgcv 







We compared models via several methods.  We evaluated model trade-offs between complexity and fit 
via the Akaike Information Criterion (AIC) (Akaike 1974) and the Bayesian Information Criterion 
(BIC) (Schwarz 1978).  To find the non-spatial models with lowest AIC and BIC, we used the bestglm() 
function in the bestglm package in R to search among all possible linear models without interactions.  
We evaluated residual spatial autocorrelation via Moran’s I and examinations of standardized deviance 
residual maps.  We also evaluated models for changes in estimates and profile likelihood confidence 
intervals (for linear models) and smooth function line and deviance residual plots (for generalized 
additive models).  Because we conducted sensitivity analyses using complete case analyses, and thus the 
number of observations differs among models with different economic variables and between all-
census-block-group and rural-only models, direct AIC or BIC comparisons of models with different 
economic variables or between full and rural-only models are not valid. 
Sensitivity analyses 
We conducted sensitivity analyses to check the robustness of the results under different model choices.  
To check the robustness of the results for rural block groups, we reran analyses restricted to only rural 
block groups, defined by the United States Census population density threshold of 386 people per 
kilometer.  To check the robustness of the results to the choice of economic variable, we reran analyses 
replacing median household income with median home value, ICE, percent in poverty, and median 







We identified 13,396 saltwater disposal wells in Kansas.  489 populated block groups contained at least 
one saltwater disposal well, compared to 1,850 with no disposal wells (Table 3).  In analyses of rural 
block groups with < 386 person/km2 (n = 1,013), 460 block groups contained at least one saltwater 
disposal well, compared to 533 with no disposal wells (Table 6). 
Demographic variables 
For the demographic variables, the t-test results (Table 3) showed that block groups with disposal wells 
had lower median proportions of women (49.7% [inter-quartile range (IQR): 46.6–52.1] versus 50.7% 
[47.2–53.9]) and higher median proportions of seniors 65 years of age or older (18.5% [14.2–23.5] 
versus 13.6% [8.8–19.5]) compared to those without.  Unadjusted univariable logistic regression (Table 
4) confirmed these results, showing a 3% decrease in the odds of disposal well presence associated with 
a 1% increase in the proportion of female block group residents (odds ratio (OR) = 0.97, 95% 
confidence interval (CI): 0.96–0.99) and a 6% increase in the odds of disposal well presence associated 
with a 1% increase in the proportion of block group residents 65 years of age or older (OR = 1.06, 95% 
CI: 1.05–1.07).  We observed no significant differences in median proportions of children under age 18 
in either analysis. 
In the analysis limited to rural block groups with population densities < 386 person/km2, block groups 
with disposal wells still had higher proportions of residents ages 65 years or older (18.7% [14.5–23.6] 
versus 17.0% [12.5–22.2], with a 3% increase in the odds of disposal well presence (OR = 1.03, 95% 
CI: 1.01–1.04) for a 1% increase in the proportion of such residents, but associations with percent 
female were no longer significant, nor did we observe significant differences in median proportions of 
children under age 18 in either analysis. 
Race and ethnicity 
For the race and ethnicity variables, block groups with disposal wells tended to have more white 
residents (median 92.7% [85.9–95.1] versus 80.9% [62.5–90.9]) and fewer Black or African American 
(median 0.0% [0.0–0.9] versus 1.9% [0.0–7.8]) and Hispanic or Latino residents (median 0.0% [0.0–
0.9] versus 1.9% [0.0–7.8]).  Unadjusted univariable logistic regression confirmed these results, with a 
1% increase in percent white associated with a 6% increase in the odds of disposal well presence (OR = 
1.06, 95% CI: 1.05–1.07), and a 1% increase in the percentage of Black or African American and 
Hispanic or Latino residents associated with 16% (OR = 0.84, 95% CI: 0.81–0.87) and 5% (OR = 0.98, 
95% CI: 0.94–0.96) reductions in the odds of disposal well presence, respectively.  We observed no 
significant differences in the proportions of American Indian or Alaska Native residents in either 
analysis. 
Among rural block groups, those with disposal wells still had more white residents (median 93.1% 
[86.4–96.3] versus 90.1 [80.2–94.9]), although the gap narrowed, and fewer Black or African American 
(median 0.0% [0.0–0.7] versus 0.2 [0.0–2.7]) and Hispanic or Latino residents (median 2.7% [0.7–6.5] 
versus 3.9% [1.4–9.4]).  Unadjusted univariable logistic regression confirmed these results, with a 1% 
increase in the percentage of white residents showing a 3% (OR = 1.03, 95% CI: 1.01–1.04) increase in 
the odds of disposal well presence and 1% increases in the percentage of Black or African American 
and Hispanic or Latino residents associated with 11% (OR = 0.89, 95% CI: 0.84–0.92) and 2% (OR = 
0.98, 95% CI: 0.97–0.99) reductions in the odds of disposal well presence, respectively.  Differences in 
the proportions American Indian or Alaska Native remained insignificant in both analyses. 





For the non-economic vulnerability indicators, block groups with wells had lower proportions of renter-
occupied households (median 19.7% [12.4–27.5] versus 32.3% [17.0–51.9]), slightly lower proportions 
of residents with limited English (median 0.0% [0.0–0.6] versus 0.0% [0.0–3.1]), lower unemployment 
rates (median 3.1% [1.3–5.3] versus 4.1% [1.7–7.7]), and lower proportions of uninsured residents 
(median 7.6% [4.4–11.5] versus 8.6% [4.2–15.5]), but also slightly lower proportions of residents with 
high school educations (median 91.7% [87.8–95.1] versus 92.2% [84.8–96.7]).  Univariable logistic 
regression analyses confirmed some of these results, with one-percent increases in proportions of renter-
occupied households, limited English households, unemployed residents, and uninsured residents 
associated with 4% (OR = 0.96, 95% CI: 0.96–0.97), 9% (OR = 0.91, 95% CI: 0.88–0.94), 8% (OR = 
0.92, 95% CI: 0.90–0.94), and 3% (OR = 0.97, 95% CI: 0.95–0.98) increases in the odds of disposal 
well presence, respectively.  In univariable logistic regression, however, a 1% increase in the proportion 
of block group residents with a high school education was associated with a 2% increase, rather than a 
decrease, in the odds of disposal well presence (OR = 1.02, 95% CI: 1.01–1.03). 
Among rural block groups, those with wells still had lower proportions of renter-occupied households 
(median 19.1% [12.4–26.9] versus 22.7% [14.1–34.7], although the gap narrowed, and lower 
unemployment rates (3.0% [1.5–5.2] versus 3.7% [1.7–6.6]) than those without.  In contrast to the 
results for all block groups, rural block groups with disposal wells had higher proportions of uninsured 
residents compared to those without, but the difference was no longer significant.  Differences in the 
percent of households with limited English, median poverty rate, and high school education rate were 
also no longer significant in rural block groups.  Unadjusted univariable logistic regression results 
confirmed the rural results for renter-occupied households, showing a 3% decrease in the odds of at 
least one disposal well for every 1%  increase in the proportion of renter-occupied households (OR 0.97 
[95% CI: 0.96–0.98]) and a 7% decrease in the odds of at least one disposal well for every 1% increase 
in unemployment rates (OR 0.93 [95% CI: 0.90–0.96]) and no significant associations with percent 
uninsured, high school completion rate, or percent of households with limited English. 
Economic variables 
For the economic variables, block groups with disposal wells had lower median home values ($101,050 
[75,000–144,525] versus $112,800 [75,850–166,200]) and poverty rates (9.2% [4.9–15.2] versus 10.9% 
[4.7–21.7]) as well as slightly less income concentration toward the negative extreme (median -0.091 [-
0.189–0.021] versus -0.137 [-0.279–0.042]).   Univariable logistic regression analyses confirmed these 
analyses, showing that the odds of a block group containing at least one disposal well decreased by 3% 
for every 1% increase in poverty rate (OR = 0.97, 95% CI: 0.96–0.98) or home value (OR = 0.97, 95% 
CI: 0.95–0.98) and increased by 6% for every increase of 0.1 of ICE (OR = 1.06, 95% CI: 1.01–1.10).  
We found no differences by median household income in either univariable analysis. 
In the analysis limited to rural block groups, none of the differences between block groups with and 
without wells were significant except for the difference in median home value (median $99,500 
[74,000–139,250] versus $111,150 [77,200–161,400]), which was slightly larger than in the main 
model.  Univariable logistic regression confirmed these results, showing a 4% decrease in the odds of at 
least one disposal well for every $10,000 increase in median home value (OR 0.96, 95% CI: 0.94–0.98).  
We found no significant differences in median household income, poverty rate, income concentration at 
the extremes, or median individual earnings for rural block groups in either univariable analysis. 
For non-demographic variables, block groups with disposal wells had much higher production well 
counts (median 129 [24–554] versus 0 production wells [0–0]), land areas (median 143.31 km2 [28.18–
413.70] versus 1.26 km2 [0.65–5.73]), and somewhat higher water areas (median 0.33 km2 [0.05–1.25] 
versus 0.00 km2 [0.00–0.04]).  Univariable logistic regression confirmed these results, showing a 5% 
increase in the odds of at least one disposal well in a block group per additional production well (OR = 





1.06–1.08), and a 21% increase per each one-km2 increase in water area (OR = 1.21, 95% CI: 1.14–
1.29). 
Among rural block groups, differences in production well count (median 146 [35–606] versus 0 
production wells [0–3]) and land area (median 159.92 [39.97–470.58] versus 19.65 km2 [7.02–69.25]) 
remained, but differences in water area were no longer significant.  Univariable logistic regression 
results were similar, showing a 3% increase in the odds of disposal well presence in a block group per 
additional production well (OR = 1.03, 95% CI: 1.03–1.04), a 4% increase in the odds of at least one 
disposal well in a block group per 10-km2 increase in land area (OR = 1.04, 95% CI: 1.03–1.04), and a 
5% increase per each one-km2 increase in water area (OR = 1.05, 95% CI: 1.01–1.09). 
Population density 
Population densities differed widely between block groups with and without disposal wells (median 7.1 
[2.0–40.2] versus 978.1 person/km2 [235.9–1632.3]).  Univariable logistic regression showed a 36% 
decrease in the odds of at least one disposal well per 100-person/km2 increase in population density in a 
block group.  Among block groups classified as rural by their population densities, large differences in 
population density remained between block groups with and without wells (median 6.2 [2.0–28.0] 
versus 59.6 person/km2 [15.4–166.5]), and univariable logistic regression showed a larger 67% 
decrease in the odds of at least one disposal well per 100-person/km2 increase in population density.  
Moreover, we found no disposal wells in any block groups with population densities over 1546 
person/km2, which constituted nearly a fourth of all block groups in the analysis (n = 521).   
Multivariable analyses 
Across the all-block group multivariable logistic regression models with linear terms (Table 5), the odds 
of disposal well presence in a block group decreased by 20–23% per 100 person/km2 increase in 
population density and increased by 3–4% per each additional production well in a block group.  The 
generalized additive model (Figure 7) shows this relationship to be highly nonlinear, as the probability 
of the presence of a disposal well decreases with increasing population density until an inflection point 
near 400 person/km2 and then levels out to zero at greater population densities, whereas the probability 
increases rapidly at low production well counts and then levels out asymptotically near 1.  In the rural-
only analyses (Table 8), the odds of disposal well presence in a block group decreased by 26–47% per 
100 person/km2 increase in population density and increased by 3–4% per each additional production 
well in a block group.  The generalized additive model (Figure 9) again shows similar albeit highly 
nonlinear relationships.   
Among rural block groups, every 1% increase in the unemployment rate was associated with a 6% 
decrease in the odds of the presence of a disposal well in the non-spatial analyses with all variables and 
with maximized AIC (OR for both = 0.94, 95% CI for both: 0.89–0.99), but unemployment rate was not 
a significant predictor of disposal well presence in the all-block-group models or in any of the rural 
models with spatial terms.  The proportions of female residents, residents under age 18, residents age 65 
or older, white residents, residents with a high school education or equivalent, households with limited 
English, residents with no health insurance, and renter-occupied households as well as median 
household income were not predictors of disposal well presence in any of the main models. 
Model evaluation 
In the all-block group model set, the linear logistic model including population density, percent female, 
percent unemployed, and production well count plus a non-linear spatial spline term showed the lowest 
AIC among the seven considered (834.80), whereas the linear logistic model including only population 
density and production well count plus a nonlinear spatial spline term showed the lowest BIC (983.30).  





or above, percent white alone, percent with no health insurance, percent renter-occupied households, 
and production well count showed the lowest AIC (610.15), whereas the model with linear population 
density and production well count terms plus a nonlinear spatial spline showed the lowest BIC (742.82). 
We add a caution, however, that the choice of k basis parameters to fit the linear models with nonlinear 
terms and the GAMs in this analysis was arbitrary, and that optimization of the choice of k might have 
resulted in partially or fully non-linear models with lower AICs and BICs than those considered here.  
Nonetheless, accounting for spatial location appeared to improve fit across the models. 
The addition of a spatial spline term and allowances for non-linearities also reduced but did not 
eliminate spatial correlation across the all-block-group and rural-only models, as Moran’s I decreased in 
but did not lose significance with the addition of spatial spline terms and non-linearities in both the all-
block-group (Table 5, 0.040 (p < 0.00001) for the full model, 0.0042 (p = 0.0076) for the full model 
with spatial spline, and 0.0048 (p = 0.0031) for the full GAM) and rural-only model sets (Table 8, 0.079 
(p < 0.00001) for the full model, 0.0077 (p = 0.00039) for the full model with spatial spline, and 0.0071 
(p = 0.0011) for the full GAM.  Maps of the standardized deviance residuals showed reductions in but 
not absences of spatial patterns consistent with the Moran’s I results (Figures 8 and 10).  After 
consideration of the AICs, BICs, and spatial residual correlations, we decided to use the AIC-minimized 
models with the spatial spline term as the best model compromise among AIC, Moran’s I, and 
parameter parsimony. 
Sensitivity analyses 
We reran all the multivariable models replacing median household income with the other income-
related variables, median home value, ICE, percent in poverty, and median individual earnings, to check 
the robustness of the results to the choice of economic metric.  The odds ratio estimates and confidence 
intervals for population density and production well count remained similar to those for the main all-
block-group and rural-only model sets (Tables S1 and S2).  Across all the all-block-group models with 
different income-related covariates, an increase of 100 person/km2 in population density was associated 
with a 19–23% increase in the odds of disposal well presence, and one additional production well was 
associated with a 3–4% increase in the odds of disposal well presence. 
The significance of other covariates differed among the models in the sensitivity analyses.  In the all-
block-group nonspatial models with minimized AIC, we found a 1% increase in the unemployment rate 
associated with a 4% decrease in the odds of disposal well presence when we used either ICE or percent 
in poverty as the economic covariate, but not in the other models using ICE or percent in poverty, nor in 
any of the all-block-group models using median home value or median individual earnings as 
covariates. 
In the rural models, a 1% increase in the unemployment rate was also associated with a 4–6% decrease 
in the odds of disposal well presence in rural nonspatial linear models with minimized AIC using 
median home value, ICE, percent in poverty, and median earnings as the economic covariate and in the 
full nonspatial model using median home value as a covariate.  Unemployment rate did not remain a 
significant predictor of disposal well presence in any models accounting for spatial correlation, 
however.  We also found a $10,000 increase in median home value to be associated with a 4% reduction 
in the odds of disposal well presence in nonspatial full and minimized-AIC models, but that association 
also did not remain significant in any models accounting for spatial correlation. 







Summary of findings 
This study addresses a distributive environmental justice concern, the location of waste disposal sites, in 
the context of oil and gas development in Kansas, the state with the second-highest number of waste 
disposal wells in the country (United States Environmental Protection Agency 2015a).  Results across 
non-spatial logistic models, logistic models partially accounting for spatial correlation via with spatial 
spline terms, and fully nonlinear logistic GAMs, in all Kansas block groups and in rural block groups, 
and using five different income-related variables all show consistent inverse associations between 
population density and disposal well presence as well as consistent positive associations between oil and 
gas production well locations and disposal well presence.  We also found evidence of spatial correlation 
of associations with block group characteristics, and partially accounting for it changed associations 
with several socioeconomic variables from significant to null, highlighting the necessity of accounting 
for spatially correlated variables in studies like this one. 
Limitations of findings and other limitations of the study  
This study has a number of limitations.  First, this study fails to account for the margins of error in the 
American Community Survey sample data.  Although this practice is common in published 
epidemiologic research, including the prior studies of disposal wells similar to this one conducted in 
Texas and Ohio (Johnston et al. 2016; Silva et al. 2018), it likely leads to underestimation of the 
confidence intervals and an overestimation of the significance of the effects in the analyses (Folch et al. 
2016).  Moreover, at least one study found systemic variation in the reliability of ACS estimates by 
spatial and demographic patterns, e.g., higher uncertainties in low-income areas (Folch et al. 2016).  
Thus, in this study, we have not interpreted marginally significant results (e.g., results including 1.00 at 
one end of a confidence interval) and urge caution in interpreting confidence intervals close to the null 
as well.  Methods for accounting for error in ACS estimates include geographic aggregation or 
regionalization, e.g., aggregating block groups with similar demographic characteristics into bigger 
areas (Spielman and Folch 2015); data aggregation, e.g., grouping variable values into fewer categories; 
or over-imputation methods derived from multiple imputation methodologies to account for missing 
data (Casey and Morello-Frosch in preparation). 
Second, this study is limited by the reliability of the Kansas oil and gas well data.  Although this study 
attempts to account for all existing wells of any age, comprehensive regulation of oil and gas 
development only began in the mid-1980s (Kansas Corporation Commission 2019).  Moreover, the 
American Petroleum Institute only established a uniform well numbering system in 1966 (Professional 
Petroleum Data Management Association 2013), leaving some older wells without API numbers.  Thus 
this study likely undercounts the number of disposal wells in Kansas, particularly older wells drilled 
under a more permissive regulatory environment that might be more prone to structural failures (United 
States Environmental Protection Agency 2016). 
Third, this study does not completely account for spatial correlation in the data, which might lead to 
underestimated standard errors and confidence intervals, nor does it account for the potential for spatial 
confounding introduced by the spatial spline term, which might lead to biased estimates or inflated 
standard errors (Hodges and Reich 2010).  Future studies might test the robustness of the results using 
models like an intrinsic conditional autoregressive (CAR) model (Besag et al. 1991) to more effectively 
control for spatial correlation or a modified version (Hughes and Haran 2013) that reduces the inflation 
in standard errors from spatial confounding introduced by the spatial error terms in CAR models, as 
done in a prior study of class II injection wells in Ohio (Silva et al. 2018).  Moreover, in the models 
including nonlinear terms, we chose the number of basis dimensions for the nonlinear covariates and 
spatial spline terms arbitrarily.  Future analyses should validate the choice of basis dimensions in the 
models, for example, by using of k-fold cross-validation (Stone 1974) to compare difference choices of 





predictions to find the combination of dimensions that optimizes the balance between model fit and 
prediction. 
Fourth, this study uses block groups as the fundamental geographic unit measuring population exposure 
to a well, despite wide variation among block groups in population, size, and shape.  In Kansas, for 
example, census block groups in 2017 ranged in area from 0.1 to 2579 km2 and in population from 0 to 
7,872 residents.  Future sensitivity analyses might test the robustness of the results using a buffer-based 
distance metric to assign wells to census block group centroids, as done in prior studies of disposal well 
locations in Texas (Johnston et al. 2016) and Ohio (Silva et al. 2018).  Moreover, future studies might 
incorporate knowledge of specific exposure pathways, e.g., estimating the risk of water-borne exposure 
using knowledge of geology and watersheds. 
Fifth, this study largely fails to incorporate local knowledge aside from informal telephone calls 
between investigators and employees of the Kansas Corporation Commission who provided technical 
answers on well permitting procedures.  This failure to incorporate local knowledge means that this 
study might have overlooked potential mechanisms behind well siting decisions, for example, or 
misallocated time and resources toward research questions not of primary concern to the residents most 
likely to suffer environmental exposures from disposal wells in Kansas.  Future work should include 
local residents in more stages of the research process.  This study also fails to include metrics of local 
resident engagement in government, e.g., voter participation, which could be correlated with siting 
decisions, although at least one prior study of disposal well sites found no association (Silva et al. 
2018). 
Sixth, the cross-sectional ecological design of this study does not account for temporality, i.e., whether 
the wells or the census block group demographics occurred first (Mohai and Saha 2015).  For example, 
this study design cannot answer whether the lower population densities observed in census block groups 
with disposal wells occur because companies choose sparsely populated areas as disposal well sites or 
because residents move out of areas after wells are sited.  A future study might use a longitudinal design 
to investigate changes in well locations and area socioeconomic characteristics over time. 
Seventh, this study does not evaluate wells by number, age, activity, or disposal volumes.  Newly 
drilled wells, for example, are associated with different pollutant emissions (e.g., air pollution from 
trucks and equipment) than abandoned wells (United States Environmental Protection Agency 2016), 
whereas long-abandoned wells might be more prone to structural integrity failures.  Moreover, fluid 
injection volume might be associated with increased potential for exposure.  Future analyses might 
incorporate well age, status, or fluid injection volumes, all of which are available in this dataset 
(Appendix 1).   
Eighth, this study does not evaluate associations with disposal well count, only disposal well presence, 
despite the large number of disposal wells (n = 13,396) observed in Kansas.  Thus a subsequent analysis 
should evaluate disposal well counts, likely via a form of zero-inflated negative binomial regression 
given that the majority of census block groups contain no wells. 
Ninth, this study might have some ascertainment bias in the classification of production versus disposal 
wells, since disposal well classification included manual comment review and production well 
classification did not.  If production wells that would have been identified only via manual comment 
review are systematically located in different census block groups than those identified solely via their 
status in the Kansas Geological Survey database, that could bias the results.  Moreover, if we found a 
well to be classified as both a production and disposal well, we removed it from the production well 
category.  As the number of such dually classified wells (n = 4,008) was low compared to the total 
number of production wells including dually classified wells (246,249, 1.6%), the effects of removing 
dually classified wells are unlikely to affect the results.  That said, including dually classified wells 





count and disposal well presence, since each dually classified well would guarantee disposal well 
presence in that block group. 
Discussion 
In finding consistent associations between production well count and disposal well presence in a block 
group, this study appears to contradict a prior study that found an inverse association between 
unconventional natural gas (UNG) production well count and class II injection well presence in Ohio 
(Silva et al. 2018).  That study, however, included locations on specific shale formations as covariates in 
the model and showed positive associations between location on a shale formation and class II injection 
well presence.  As Kansas has little shale compared to Ohio, this study does not include geologic 
formations in its analyses, and production well count likely serves in part as a proxy measure for the 
location of other geologic formations capable of receiving oil and gas waste in Kansas.  Moreover, 
Kansas has few UNG wells compared to Ohio.  Although up to a fourth of oil and gas production wells 
in Kansas have been hydraulically fractured, the vast majority of those are vertical wells, which drillers 
have been hydraulically fracturing since the 1940s, when Stanolind Oil conducted the first hydraulic 
fracturing experiments in the country in Kansas (Suchy and Newell 2011).  Kansas had only 1,085 
known horizontally drilled wells as of January 2019 (Kansas Geological Survey 2019). 
This study also contradicts prior studies that found associations between disposal well locations and 
economic indicators like percent in poverty (Johnston et al. 2016) and median household income (Silva 
et al. 2018).  In Kansas, however, landowners generally own the geologic strata and minerals beneath 
their land and can lease land for saltwater disposal in exchange for payments based on the fluid volume 
injected (Kansas Department of Revenue 2019).  Particularly given the low percentages of renter 
occupancy rates in block groups with disposal wells, income earned by residents directly from disposal 
well leases might directly confound the relationship between median household income or percent in 
poverty and well siting decisions in Kansas.  Future studies with individual-level income data over time 
might better evaluate whether such a confounding relationship exists. 
This study shows that disposal wells are overwhelmingly located in sparsely populated areas in Kansas.  
Although such locations would seem to reduce the potential for immediate human exposure to 
pollutants from disposal well activities, 86.6% of Kansas is farmland (United States Department of 
Agriculture Economic Research Service 2019).  In 2017 Kansas was the seventh-ranked state in 
agricultural production in the United States, providing 4.2% of total federal agricultural cash receipts 
totaling over $15.6 billion (United States Department of Agriculture Economic Research Service 2019).  
Thus most disposal wells sit on or next to agricultural lands, raising the possibility of exposure to 
pollutants from disposal well activities via the national food system.  As of December 31, 2018, Kanas 
had 49 active remediation sites for contamination from oil and gas activity, most of which arose from 
contamination of agricultural lands by disposal well wastewater (Kansas Corporation Commission 








This study provides evidence of a positive association between oil and gas production well count and 
disposal well presence and of a negative association between population density and disposal well 
presence in Kansas after controlling for various socioeconomic factors and partially controlling for 
spatial correlation.  Univariable analyses also showed inverse associations between disposal well 
presence and population density, percent female, percent Hispanic or Latino, percent Black or African 
American, percent limited English households, percent renter-occupied households, percent 
unemployment, percent in poverty, and median home value, and positive associations between disposal 
well presence, percent age 65 or older, percent white, and income concentrations, but those associations 
did not persist after adjustment in multivariable models that also accounted for spatial correlation.  This 
study adds to the substantial environmental justice literature evaluating associations between 
sociodemographic characteristics and waste disposal sites and also contributes a new state to the 
growing state-by-state literature evaluating associations between sociodemographic characteristics and 
oil and gas activities.  These results highlight a need for additional studies evaluating exposure 
pathways and health risks.  In particular, the presence of large numbers of disposal wells on agricultural 
lands in Kansas calls for particular studies evaluating health risks from exposure to disposal waste 







Table 1.  Variables considered for analysis and their sources. 








Population density  
(persons per km2) 
pop_dense_B01001_001_ALAND Estimated total population (001) in the census block group for 




Female (%) female_percent_B01001_026_001 Estimated number self-identifying as female (026) divided by the 





   children (0–17) 
   adults (18–64) 






Estimated number of persons in each age category 
   0–17: sum of 003 to 006 and 027 to 030; 
   18–64: sum of 007 to 019 and 031 to 043; 
   65+: sum of 020 to 025 and 044 to 049; 
each divided by the estimated total population (001) in the 
census block group for 2013–2017 
ACS Table 
B01001 
American Indian or 
Alaska Native (%) 
aian_percent_B02010_001 Estimated number of persons self-identifying as American Indian 
or Alaska Native alone or in combination with other races 
divided by the estimated total population (B01001_001) in the 





hisp_lat_percent_B03002_012_001 Estimated number of persons self-identifying as Hispanic or 
Latino (012) divided by the estimated total population (001) in 
the census block group for 2013–2017 
ACS Table 
B03002 
Black or African 
American (%) 
black_percent_B03002_004_001 Estimated number of persons self-identifying as Black or African 
American (004) divided by the estimated total population (001) 







Estimated number of persons self-identifying as white alone and 
not Hispanic or Latino (003) divided by the estimated total 









Estimated number of persons 25 years and older who have 
completed high school, GED, an alternative credential, or more 
(sum of B15003_017 through B15003_025) divided by the 
population 25 years and over (B15003_001) in the census block 







Estimated number of limited English-speaking households (sum 
of 004, 007, 010, 013) divided by the estimated total number of 







Estimated number of persons with no health insurance coverage 
(sum of 017, 033, 050, and 066) divided by the estimated total 









Estimated number of renter-occupied housing units (003) divided 
by the estimated total number of occupied housing units (001) in 







Estimated number of persons unemployed in the civilian labor 
force (005) divided by the estimated number of persons in the 
civilian labor force (003) among the population 16 years and 





income_house_median_B19013_001 Estimated median household income in the past 12 months in 
2017 inflation-adjusted dollars (variable 001) in the census block 





house_value_median_B25077_001 Estimated median value in dollars of owner-occupied housing 




concentration at the 
extremes (-1 to 1) 
ice_B19001 Income concentration at the extremes (ICE), calculated by (Ai – 
Pi)/Ti, where Ai is the number of households in the block group 
in the top quintile of income as calculated in 2017 (> $126,855, 
approximated in the ACS data by ≥ $125,000), Pi is the number 
of households in the bottom quintile of income (≤ $24,638, 
approximated in the ACS data by < $25,000), and Ti is the total 
number of households for which income was determined in the 
block group for 2013–2017 
ACS Table 
B19001 
Poverty (%) poverty_below_100_percent_ 
C17002_002_003_001 
Estimated number of persons with incomes below the poverty 
level (002 + 003) divided by the estimated total population for 
whom poverty status was determined (001) in the census block 









earnings_median_B20002_001 Estimated median earnings in the past 12 months in 2017 
inflation-adjusted dollars (variable 001) for the population 16 
years and over with earnings in the past 12 months in the census 




Land area (km2) ALAND_KM Land area in meters in the census block group for 2013–2017 
(ALAND) divided by 1,000,000 
TIGER 
Water area (km2) AWATER_KM Water area in meters in the census block group for 2013–2017 
(AWATER) divided by 1,000,000 
Water area (km2) 


















extant_swd_from_2010 Count of saltwater disposal wells per census block group 
recorded as permitted, spudded, or completed from January 1, 
2010, to October 31, 2018 
KGS OG 
Fluid injection 
volume, all time 
(barrels) 
total_fluid Total volume of fluid injected into wells classified as saltwater 
disposal wells recorded in the Kansas Geological Survey 





from_2010_fluid Total volume of fluid injected into wells classified as saltwater 
disposal wells recorded in the Kansas Geological Survey 
Underground Injection Control database from January 1st, 2010, 








Table 2.  Missing values in Kansas American Community Survey 2013–2017 five-year block 
group estimates (among n = 2,339 populated census block groups). 
Variable Number of census block groups 
with missing values 
Education: high school completion rate (%) 1 
Housing tenure: renter occupation rate (%) 3 
Limited English-speaking households (%) 3 
Median earnings (dollars) 38 
Median household income (dollars) 46 
Median home value (dollars) 88 
No health insurance (%) 1 
Poverty (%) 2 








Table 3.  Characteristics of populated census block groups with and without saltwater disposal 
wells in Kansas. 
Characteristic  Census block groups 
with one or more 
saltwater disposal wells  
(n = 489) 
 Census block groups 
with no saltwater 
disposal wells 
(n = 1850) 
T-test  All census block 
groups in analysis 
 n Median Inter-
quartile 
range (IQR) 
n Median IQR p value1 Adjusted p 
value2 
n Median IQR 
Total population  489 954 677–1392 1,850 1088 799–1535 4.8 x 10-04 0.0029 2,339 1057 766–1,514 
Population density 
(person/km2) 
489 7.1 2.0–40.2 1,850 978.1 235.9–
1632.3 
6.7 x 10-273 1.48 x  
10-271 
2,339 635.7 35.8–1439.6 
Female (%) 489 49.7 46.6–52.1 1,850 50.7 47.2–53.9 3.0 x 10-04 0.0021 2,339 50.3 47.1–53.6 
Age < 18 (%) 489 23.1 19.4–27.6 1,850 24.3 18.7–29.7 0.013 0.052 2,339 23.9 18.9–29.0 
Age ≥ 65 (%) 489 18.5 14.2–23.5 1,850 13.6 8.8–19.5 1.0 x 10-29 1.49 x 10-28 2,339 14.9 9.7–20.7 
American Indian or 
Alaska Native (%) 
489 1.2 0.1–3.1 1,850 1.1 0.0–3.1 0.98 1 2,339 1.1 0.0–3.1 
Hispanic or Latino 
(%) 
489 2.7 0.8–6.6 1,850 7.0 2.6–17.4 1.9 x 10-32 3.3 x 10-31 2,339 5.7 1.9–14.9 
Black or African 
American (%) 
489 0.0 0.0–0.9 1,850 1.9 0.0–7.8 9.8 x 10-48 1.9 x 10-46 2,339 1.2 0.0–6.1 




489 91.7 87.8–95.1 1,849 92.2 84.8–96.7 2.5 x 10-04 0.0020 2,338 92.1 85.6–96.3 
Limited English 
households (%) 
489 0.0 0.0–0.6 1,847 0.0 0.0–3.1 6.5 x 10-17 8.4 x 10-16 2.336 0.0 0.0–2.6 
No health insurance 
(%) 
489 7.6 4.4–11.5 1,849 8.6 4.2–15.5 1.2 x 10-10 1.2 x 10-09 2,338 8.2 4.2–14.4 
Renter-occupied 
households (%) 
489 19.7 12.4–27.5 1,847 32.3 17.0–51.9 3.5 x 10-68 7.1 x 10-67 2,336 27.5 15.7–47.6 
Unemployment rate 
(%) 
489 3.1 1.3–5.3 1,849 4.1 1.7–7.7 2.1 x 10-16 2.5 x 10-15 2,338 3.8 1.6–7.2 



















0.46 1.0 2,293 51,034 39,659–
68,250 






6.1 x 10-08 5.5 x 10-07 2,251 108,500 75,650–
162,200 
Income 
concentration at the 
extremes (unitless 









489 129 24–554 1,850 0 0–0 8.7 x 10-30 1.4 x 10-28 2,339 0.0 0.0–5.0 
Land area (km2) 489 143.31 28.18–
413.70 
1,850 1.26 0.65–5.73 4.2 x 10-39 7.5 x 10-38 2,339 2.10 0.72–30.08 
Water area (km2) 489 0.33 0.05–1.25 1,850 0.00 0.00–0.04 1.1 x 10-10 1.2 x 10-09 2,339 0.00 0.00–0.18 
1T-test with Welch correction for unequal variances. 






Table 4.  Univariable logistic regression results modeling the presence of one or more disposal 
wells in a census block group. 
 










(95% profile confidence 
interval) 
Total population (per 100 persons) 2,339 489 1,850 
0.97  
(0.96–0.99) 
Population density (per 100 person/km2) 2,339 489 1,850 
0.64  
(0.60–0.68) 
Female (%) 2,339 489 1,850 
0.97  
(0.96–0.99) 
Age < 18 (%) 2,339 489 1,850 
0.99  
(0.97–1.00) 
Age ≥ 65 (%) 2,339 489 1,850 
1.06  
(1.05–1.07) 
American Indian or Alaska Native (%) 2,339 489 1,850 
1.00  
(0.97–1.03) 
Hispanic or Latino (%) 2,339 489 1,850 
0.95  
(0.94–0.96) 
Black or African American (%) 2,339 489 1,850 
0.84  
(0.81–0.87) 
White alone (%) 2,339 489 1,850 
1.06  
(1.05–1.07) 
High school education or equivalent (%) 2,338 489 1,849 
1.02  
(1.01–1.03) 
Limited English households (%) 2,336 489 1,847 
0.91  
(0.88–0.94) 
No health insurance (%)  2,338 489 1,849 
0.97  
(0.95–0.98) 
Renter-occupied households (%)  2,336 489 1,847 
0.96  
(0.96–0.97) 
Unemployment rate (%)  2,338 489 1,849 
0.92  
(0.90–0.94) 
Poverty rate (%)  2,337 489 1,848 
0.97  
(0.96–0.98) 
Median individual earnings (per $10,000) 2.301 484 1,817 
1.02  
(0.94–1.11) 
Median household income (per $10,000)  2,293 486 1,807 
1.01  
(0.97–1.05) 
Median home value (per $10,000)  2,251 484 1,767 
0.97  
(0.95–0.98) 
Income concentration at the extremes  2,336 489 1,847 
1.06  
(1.01–1.10) 
Production well count 2,339 489 1,850 
1.05  
(1.04–1.06) 
Land area (per 10 km2) 2,339 489 1,850 
1.07  
(1.06–1.08) 







Table 5.  Multivariable logistic regressions predicting the presence of at least one disposal well in a census 
block group, including odds ratios and 95% profile confidence intervals for census block groups with data 
on all independent variables (n = 2,293 census block groups).  Models with a spatial spline include a 
smoothed thin plate spline term to model the interaction between latitude and longitude with a smoothing 
parameter of k = 50.  The full generalized additive model was fit using thin plate splines with smoothing 



















Full generalized additive 
model 
Diagnostics 
AIC 1020.36 1009.16 1013.65 837.91 834.80 837.20 835.17 
BIC 1089.21 1037.85 1030.87 1035.69 988.68 983.30 1060.14 
Moran’s I 
0.040 
(p < 0.00001) 
0.041  
(p < 0.00001) 
0.041  
(p < 0.00001) 
0.0042 
(p = 0.0076) 
0.0049  
(p = 0.0024) 
0.0054  
(p = 0.0010) 
0.0048  








Population density  




























(p = 0.086) 






– – 0 
0.00 
(p = 0.60) 






– – 0.92 
1.82 
(p = 0.12) 






– – 0.96 
1.89 
(p = 0.12) 
High school education 






– – 0 
0.00 
(p = 0.46) 







– – 0.18 
0.20 
(p = 0.27) 
Renter-occupied 






– – 0.12 
0.13 














(p = 0.42) 
Median household 
income  






– – 1.15 
4.09 
(p = 0.021) 















(p = 1.9 x 10-18) 
Location (latitude and 
longitude in m) 
– – – 
edf = 21.11, 
χ2 = 146.14 
(p < 0.00001) 
edf = 20.44, 
χ2 = 140.41 
(p < 0.00001) 
edf = 21.11, 
χ2 = 142.03 
(p < 0.00001) 
20.48 
152.24 
(p = 1.3 x 10-29) 
                                                           
1
 Approximate p-value for term significance compared against a reference chi-squared distribution.  For the full 
GAM, the p-value is only a rough approximation due to the use of penalized parameter selection.  See the mgcv R 





Table 6.  Characteristics of populated rural census block groups, defined as those with a 
population density under 1,000 people per mi2 (386 people per km2) with and without saltwater 
disposal wells in Kansas (n = 1,013 block groups). 
Characteristic  Census block groups with 
one or more saltwater 
disposal wells  
(n = 460) 
 Census block groups with 
no saltwater disposal wells 
(n = 553) 
T-test  All rural census block 
groups in analysis  




range (IQR) n Median IQR p value1 
Adjusted 
p value2 n Median IQR 
Total 




km2) 460 6.2 2.0–28.0 553 59.6 15.4–166.5 1.1 x 10-36 2.4 x 10-35 1013 24.7 4.0–95.5 
Female (%) 460 49.5 46.5–51.9 553 50 47.1–52.9 0.073 0.66 1013 49.8 46.9–52.4 
Age < 18 (%) 460 23.0 19.4–27.3 553 23.9 19.1–28.6 0.13 1.0 1013 23.3 19.3–28.0 
Age ≥ 65 (%) 460 18.7 14.5–23.6 553 17.0 12.5–22.2 0.0011 0.014 1013 17.9 13.5–23.0 
American Indian 
or Alaska Native 
(%) 460 1.2 0.1–3.0 553 1.1 0–3.3 0.59 1.0 1013 1.2 0–3.2 
Hispanic or 
Latino (%) 460 2.7 0.7–6.5 553 3.9 1.4–9.4 0.0026 0.031 1013 3.3 1.0–8.0 
Black or 
African 
American (%) 460 0.0 0–0.7 553 0.2 0.0–2.7 3.4 x 10-09 6.2 x 10-08 1013 0.0 0.0–1.5 
White alone 
(%) 460 93.1 86.4–96.3 553 90.1 80.2–94.9 1.2 x 10-08 2.1 x 10-07 1013 91.5 83.4–95.7 
High school 
education or 
equivalent (%) 460 91.6 87.7–95.0 553 92.7 88.1–95.9 0.21 1.0 1013 92.2 87.8–95.5 
Limited English 
households (%) 460 0.0 0.0–0.6 552 0.0 0–0.5 0.97 1.0 1012 0.0 0–0.6 
No health 







households (%) 460 19.1 12.4–26.9 552 22.7 14.1–34.7 8.6 x 10-10 1.6 x 10-08 1012 20.9 12.9–30.7 
Unemployment 
rate (%) 460 3.0 1.3–5.2 553 3.7 1.7–6.6 1.8 x 10-05 0.00028 1013 3.3 1.5–6.0 
Poverty (%) 460 9.3 5.1–15.1 553 9.73 5.3–16.1 0.058 0.58 1013 9.5 5.2–15.6 
Median 
individual 
earnings ($) 455 31,667 27,500–36,344 538 31,345 26,148– 37,220 0.85 1.0 993 31,458 26,962–36,929 
Median 
household 
income ($) 457 53,750 46,818–65,104 544 52,667 42,402– 68,824 0.53 1.0 1001 53,393 44,375–67,188 
Median home 
value ($) 455 99,500 
74,000–
139,250 532 111,150 
77,200–




(unitless from -1 
to 1) 460 -0.094 -0.19–0.01 552 -0.11 -0.22–0.04 0.36 1.0 1012 -0.11 -0.21–0.02 
Production well 
count 460 146 35–606 553 0 0–3 2.0 x 10-29 4.2 x 10-28 1013 7 0–128 
Land area 
(km2) 460 159.92 39.97–470.58 553 19.65 7.02–69.25 1.8 x 10-27 3.7 x 10-26 1013 46.63 12.55–21.18 
Water area (km2) 460 0.38 0.08–1.33 553 0.16 0.02–0.76 0.0095 0.1 1013 0.23 0.03–0.95 
1For the T-test with Welch correction for unequal variances. 
2After Holm-Bonferroni correction for multiple comparisons (Holm 1979) calculated using all p-values 







Table 7.  Rural univariable logistic regression results modeling the presence of one or more 
disposal wells in a rural census block group. 
 












Total population (per 100 persons) 0.97 (0.95–0.99) 1013 460 553 
Population density (per 100 person/km2) 0.33 (0.26–0.41) 1013 460 553 
Female (%) 0.98 (0.95–1.00) 1013 460 553 
Age < 18 (%) 0.99 (0.97–1.00) 1013 460 553 
Age ≥ 65 (%) 1.03 (1.01–1.04) 1013 460 553 
American Indian or Alaska Native (%) 0.99 (0.96–1.02) 1013 460 553 
Hispanic or Latino (%) 0.98 (0.97–0.99) 1013 460 553 
Black or African American (%) 0.89 (0.84–0.92) 1013 460 553 
White alone (%) 1.03 (1.02–1.04) 1013 460 553 
High school education or equivalent (%) 0.99 (0.97–1.01) 1013 460 553 
Limited English households (%) 1.00 (0.97–1.04) 1012 460 552 
No health insurance (%)  1.00 (0.99–1.02) 1013 460 553 
Renter-occupied households (%)  0.97 (0.96–0.98) 1012 460 552 
Unemployment rate (%)  0.93 (0.90–0.96) 1013 460 553 
Poverty rate (%)  0.99 (0.97–1.00) 1013 460 553 
Median individual earnings (per $10,000) 0.99 (0.86–1.13) 993 455 538 
Median household income (per $10,000)  0.98 (0.92–1.04) 1001 457 544 
Median home value (per $10,000)  0.96 (0.94–0.98) 987 455 532 
Income concentration at the extremes  1.03 (0.97–1.10) 1012 460 552 
Production well count 1.03 (1.03–1.04) 1013 460 553 
Land area (per 10 km2) 1.04 (1.03–1.04) 1013 460 553 







Table 8.  Rural sensitivity analysis results for multivariable logistic regression comparisons 
including odds ratios and 95% profile confidence intervals for rural census block groups with 
data on all independent variables (n = 1,001 for census block groups). 
Independent 
















Full generalized additive 
model 
Diagnostics 
AIC 776.33 766.15 771.10 621.44 618.18 616.34 610.15 
BIC 835.30 795.60 785.82 793.89 757.05 742.82 808.69 
Moran’s I 
0.079 
(p < 0.00001) 
0.080  
(p < 0.00001) 
0.083  
(p < 0.00001) 
0.0077 
(p = 0.00039) 
0.0084  
(p = 0.00014) 
0.0084  
(p = 0.00013) 
0.0071  






































(p = 0.23) 






– – 0 
0.00 
(p = 0.33) 






– – 0.57 
0.85 
(p = 0.19) 






– – 0.31 
0.35 















(p = 0.77) 







– – 1.28 
3.00 
(p = 0.085) 
Renter-occupied 






– – 0.43 
0.70 























– – 0 
0.00 

















(p = 5.8 x 10-15) 
Location (projected 
latitude and 
longitude in m) 
– – – 
edf = 21.80, 
χ2 = 127.70 
(p < 0.00001)1 
edf = 20.98, 
χ2 = 124.95 
(p < 0.00001)1 
edf = 21.49, 
χ2 = 129.59 
(p < 0.00001)1 
21.95 
142.03 
(p = 3.9 x 10-26) 
 
                                                           
2 Approximate p-value for term significance compared against a reference chi-squared distribution.  For the full 
GAM, the p-value is only a rough approximation due to the use of penalized parameter selection.  See the mgcv R 





Figure 1.  Selection procedure for identifying the 13,396 saltwater disposal wells used in the final 
analysis from the 483,303 entries listed in the Kansas Geological Survey Oil and Gas Well 
Database as of October 31, 2018.  The database includes wells drilled for oil and gas production, 







Figure 2.  Map of saltwater disposal wells (n = 13,396) in Kansas through October 31, 2018. 
 





















Figure 6.  Generalized additive model component fitted splines and partial residual plots 
predicting the probability of at least one well in a census block group (y) using 12 predictors (x) 
and a maximum smoothing parameter of k = 5 for non-spatial variables and k = 50 for spatial 
variables via maximum likelihood (ML) estimation.  Green bounds indicate 95% point-wise 
confidence intervals around the fitted spline.  Ticks on the x-axis indicate data points.  Dots 









Figure 7.  Standardized deviance residual maps for the full models including median household 
income: logistic model (top), logistic model with spline term (middle), and generalized additive 
model (bottom). 
A. Non-spatial logistic model 
 
B. Linear logistic model with spatial spline term 
 








Figure 8.  Generalized additive model component fitted splines and partial residual plots 
predicting the probability (y) of at least one well in a rural census block group using 12 predictors 
(x) and a maximum smoothing parameter of k = 5 for non-spatial variables and k = 50 for spatial 
variables via maximum likelihood (ML) estimation.  Green bounds indicate 95% point-wise 
confidence intervals around the fitted spline.  Ticks on the x-axis indicate data points.  Dots 







Figure 9.  Standardized deviance residual maps for the full rural models including median 
household income: logistic model (top), logistic model with spline term (middle), and generalized 
additive model (bottom). 
A. Rural non-spatial logistic model. 
 
B. Rural logistic model with spatial spline term. 
 


























Table S1A.  Median home value sensitivity analysis results for multivariable logistic regressions 
predicting the presence of at least one disposal well in a census block group, including odds ratios 
and 95% profile confidence intervals for census block groups with data on all independent 
variables (n = 2,251 census block groups) including Akaike information criterion (AIC) and 
Bayesian information criterion (BIC) comparisons without interactions.  Models with a spatial 
spline include a smoothed thin plate spline term to model the interaction between latitude and 
longitude with a smoothing parameter of k = 50.  The full generalized additive model was fit using 
thin plate splines with smoothing parameters of k = 5 for each non-spatial variable and k = 51 for 
the spatial interaction term. 
















Full generalized additive 
model 
Diagnostics 
AIC 1016.43 1006.88 1010.80 836.05 830.11 831.35 749.97 
BIC 1085.06 1041.19 1027.95 1033.80 992.67 978.01 969.42 
Moran’s I 
0.040 
(p < 0.00001) 
0.040 
(p < 0.00001) 
0.042 
(p < 0.00001) 
0.0039 
(p = 0.016) 
0.0044  
(p = 0.0080) 
0.0049  
(p = 0.0035) 
0.0041  





































(p = 0.089) 






– – 0 
0.00 
(p = 0.47) 






– – 0.12 
0.00 
(p = 0.30) 






– – 0.81 
1.41 
(p = 0.15) 
High school education 






– – 0 
0.00 
(p = 0.34) 







– – 0.91 
1.91 
(p = 0.11) 
Renter-occupied 






– – 0.86 
1.77 














(p = 0.66) 













(p = 0.33) 















(p = 6.4 x 10-18) 
Location (projected 
latitude and longitude 
in m) 
– – – 
edf = 21.20, 
χ2 = 145.29 
(p < 0.00001) 
edf = 21.10, 
χ2 = 142.74 
(p < 0.00001) 
edf = 21.27, 
χ2 = 143.41 
(p < 0.00001) 
20.81 
154.95 





Table S1B.  Income concentration at the extremes sensitivity analysis results for multivariable 
logistic regressions predicting the presence of at least one disposal well in a census block group, 
including odds ratios and 95% profile confidence intervals for census block groups with data on 
all independent variables (n = 2,336 census block groups) including Akaike information criterion 
(AIC) and Bayesian information criterion (BIC) comparisons without interactions.  Models with a 
spatial spline include a smoothed thin plate spline term to model the interaction between latitude 
and longitude with a smoothing parameter of k = 50.  The full generalized additive model was fit 
using thin plate splines with smoothing parameters of k = 5 for each non-spatial variable and k = 
50 for the spatial interaction term. 
















Full generalized additive 
model 
Diagnostics 
AIC 1033.08 1022.02 1026.08 841.96 841.37 843.26 831.97 
BIC 1102.15 1050.80 1043.34 1043.05 997.52 991.50 1031.57 
Moran’s I 
0.041  
(p < 0.00001) 
0.041  
(p < 0.00001) 
0.041 
(p < 0.00001) 
0.0040 
(p = 0.012) 
0.0048 
(p = 0.0029) 
0.0052 
(p = 0.0013) 
0.0044 





































(p = 0.082) 






— — 0 
0.00 
(p = 0.57) 






— — 0.85 
1.61 
(p = 0.14) 






— — 1.04 
2.23 
(p = 0.098) 
High school education 






— — 0 
0.00 
(p = 0.66) 







— — 0 
0.00 
(p = 0.32) 
Renter-occupied 






— — 0 
0.00 














(p = 0.53) 
Income concentration 







— — 0.87 
6.31 
(p = 0.0051) 















(p = 6.6 x 10-19) 
Location (projected 
latitude and longitude 
in m) 
— — — 
edf = 21.64, 
χ2 = 151.72 
(p < 0.00001) 
edf = 20.80, 
χ2 = 144.05 
(p < 0.00001) 
edf = 21.44, 
χ2 = 146.36 
(p < 0.00001) 
20.91 
157.49 






Table S1C.  Poverty sensitivity analysis results for multivariable logistic regressions predicting 
the presence of at least one disposal well in a census block group, including odds ratios and 95% 
profile confidence intervals for census block groups with data on all independent variables (n = 
2,336 census block groups) including Akaike information criterion (AIC) and Bayesian 
information criterion (BIC) comparisons without interactions.  Models with a spatial spline 
include a smoothed thin plate spline term to model the interaction between latitude and longitude 
with a smoothing parameter of k = 50.  The full generalized additive model was fit using thin plate 
splines with smoothing parameters of k = 5 for each non-spatial variable and k = 50 for the spatial 
interaction term. 
Independent 
















Full generalized additive 
model 
Diagnostics 
AIC 1033.14 1022.02 1026.08 844.89 841.37 843.26 842.93 
BIC 1102.22 1050.80 1043.34 1044.08 997.52 991.50 1065.29 
Moran’s I 
0.041  
(p < 0.00001) 
0.041  
(p < 0.00001) 
0.041  
(p < 0.00001) 
0.0041  
(p = 0.011) 
0.0048  
(p = 0.0029) 
0.0052  
(p = 0.0013) 
0.0044 






































(p = 0.11) 






— — 0 
0.00  
(p = 0.51) 






— — 0.2 
0.21  








— — 1.1 
2.50 









— — 0 
0.00  
(p = 0.43) 
No health 






— — 0.85 
2.03  
(p = 0.09) 
Renter-
occupied 






— — 1.07 
2.65  
(p = 0.071) 
Unemployment 












(p = 0.53) 






— — 0 
0.00  





















longitude in m) 
— — — 
edf = 21.28, 
χ2 = 149.36 
(p < 0.00001) 
edf = 20.80, 
χ2 = 144.05 
(p < 0.00001) 
edf = 21.44, 
χ2 = 146.36 
(p < 0.00001) 
20.67 
156.10  






Table S1D.  Median individual earnings sensitivity analysis results for multivariable logistic 
regressions predicting the presence of at least one disposal well in a census block group, including 
odds ratios and 95% profile confidence intervals for census block groups with data on all 
independent variables (n = 2,299 census block groups) including Akaike information criterion 
(AIC) and Bayesian information criterion (BIC) comparisons without interactions.  Models with a 
spatial spline include a smoothed thin plate spline term to model the interaction between latitude 
and longitude with a smoothing parameter of k = 50.  The full generalized additive model was fit 
using thin plate splines with smoothing parameters of k = 5 for each non-spatial variable and k = 
50 for the spatial interaction term. 
















Full generalized additive 
model 
Diagnostics 
AIC 1013.42 1002.90 1005.83 829.89 827.30 828.77 827.98 
BIC 1082.30 1031.60 1023.05 1027.83 981.79 975.45 1048.42 
Moran’s I 
0.41  
(p < 0.00001) 
0.41  
(p < 0.00001) 
0.41  
(p < 0.00001) 
0.0041  
(p = 0.011) 
0.0048  
(p = 0.0031) 
0.0052  
(p = 0.0015) 
0.0043  





































(p = 0.14) 






— — 0 
0.00 
(p = 0.42) 






— — 0.16 
0.18 
(p = 0.29) 






— — 1.22 
3.12 
(p = 0.059) 
High school education 






— — 0.11 
0.11 
(p = 0.28) 







— — 0.35 
0.48 
(p = 0.22) 
Renter-occupied 






— — 1.23 
3.71 














(p = 0.47) 
Median individual 
earnings  






— — 0.16 
0.19 
(p = 0.25) 















(p = 6.8 x 10-19) 
Location (projected 
latitude and longitude 
in m) 
— — — 
edf = 21.12, 
χ2 = 145.44 
(p < 0.00001) 
edf = 20.55, 
χ2 = 139.79 
(p < 0.00001) 
edf = 21.19, 
χ2 = 141.08 
(p < 0.00001) 
20.5 
151.80 






Table S2A.  Rural median home value sensitivity analysis results for multivariable logistic 
regressions predicting the presence of at least one disposal well in a census block group, including 
odds ratios and 95% profile confidence intervals for census block groups with data on all 
independent variables (n = 987 census block groups) including Akaike information criterion 
(AIC) and Bayesian information criterion (BIC) comparisons without interactions.  Models with a 
spatial spline include a smoothed thin plate spline term to model the interaction between latitude 
and longitude with a smoothing parameter of k = 50.  The full generalized additive model was fit 
using thin plate splines with smoothing parameters of k = 5 for each non-spatial variable and k = 
50 for the spatial interaction term. 
Independent 




















Full generalized additive 
model 
Diagnostics 
AIC 773.33 763.93 770.72 621.76 615.79 613.89 608.59 
BIC 832.06 788.40 785.40 793.39 752.60 741.04 801.37 
Moran’s I 
0.076  
(p < 0.00001) 
0.076  
(p < 0.00001) 
0.085  
(p < 0.00001) 
0.0072  
(p = 0.0010) 
0.0077  
(p = 0.00049) 
0.0077  
(p = 0.00045) 
0.0064 
































— — 0.26 
0.32 
(p = 0.25) 






— — 0 
0.00 
(p = 0.33) 






— — 0.51 
0.76 
(p = 0.20) 






— — 0 
0.00 









— — 0 
0.00 
(p = 0.84) 







— — 1.27 
2.69 
(p = 0.11) 
Renter-occupied 






— — 0.51 
0.73 














(p = 0.48) 






























(p = 6.5 x 10-15) 
Location (projected 
latitude and 
longitude in m) 
— — — 
edf = 21.73, 
χ2 = 124.93 
(p < 0.00001) 
edf = 21.66, 
χ2 = 123.47 
(p < 0.00001) 
edf = 21.71, 
χ2 = 129.90 
(p < 0.00001) 
21.99 
141.14  







Table S2B.  Rural income concentration at the extremes sensitivity analysis results for 
multivariable logistic regressions predicting the presence of at least one disposal well in a census 
block group, including odds ratios and 95% profile confidence intervals for census block groups 
with data on all independent variables (n = 1,012 census block groups) including Akaike 
information criterion (AIC) and Bayesian information criterion (BIC) comparisons without 
interactions.  Models with a spatial spline include a smoothed thin plate spline term to model the 
interaction between latitude and longitude with a smoothing parameter of k = 50.  The full 
generalized additive model was fit using thin plate splines with smoothing parameters of k = 5 for 
each non-spatial variable and k = 50 for the spatial interaction term. 
















Full generalized additive 
model 
Diagnostics 
AIC 789.28 779.23 783.21 625.73 623.41 621.58 614.87 
BIC 848.32 803.83 797.97 801.59 761.47 750.70 815.96 
Moran’s I 
0.081 
(p < 0.00001) 
0.081 
(p < 0.00001) 
0.085 
(p < 0.00001) 
0.0073 
(p = 0.00077) 
0.0082 
(p = 0.00019) 
0.0082 
(p = 0.00018) 
0.0067  































— — 0.03 
0.03  
(p = 0.32) 






— — 0.01 
0.01  
(p = 0.33) 






— — 0.55 
0.83  
(p = 0.19) 






— — 0.58 
0.79  















(p = 0.74) 







— — 1.24 
2.84  
(p = 0.089) 
Renter-occupied 






— — 0.44 
0.73  














(p = 0.47) 
Income 
concentration at the 






— — 0 
0.00  

















(p = 5.2 x 10-15) 
Location (projected 
latitude and 
longitude in m) 
— — — 
edf = 22.48, 
χ2 = 132.18 
(p < 0.00001) 
edf = 21.80, 
χ2 = 129.23 
(p < 0.00001) 
edf = 22.01, 
χ2 = 132.56 
(p < 0.00001) 
22.43 
146.20  






Table S2C.  Rural poverty sensitivity analysis results for multivariable logistic regressions 
predicting the presence of at least one disposal well in a census block group, including odds ratios 
and 95% profile confidence intervals for census block groups with data on all independent 
variables (n = 1,012 census block groups) including Akaike information criterion (AIC) and 
Bayesian information criterion (BIC) comparisons without interactions.  Models with a spatial 
spline include a smoothed thin plate spline term to model the interaction between latitude and 
longitude with a smoothing parameter of k = 50.  The full generalized additive model was fit using 
thin plate splines with smoothing parameters of k = 5 for each non-spatial variable and k = 50 for 
the spatial interaction term. 
















Full generalized additive 
model 
Diagnostics 
AIC 789.20 779.23 783.21 627.38 624.25 621.58 614.87 
BIC 848.24 803.83 797.97 801.48 766.17 750.70 815.91 
Moran’s I 
0.081  
(p < 0.00001) 
0.081  
(p < 0.00001) 
0.085  
(p < 0.00001) 
0.0074  
(p = 0.00059) 
0.0082  
(p = 0.00019) 
0.0082  
(p = 0.00018) 
0.0067  





































(p = 0.32) 






— — 0 
0.00  
(p = 0.33) 






— — 0.55 
0.83  
(p = 0.19) 






— — 0.58 
0.79  
(p = 0.23) 













(p = 0.74) 






— — 1.24 
2.84  








— — 0.44 
0.73  
(p = 0.18) 












(p = 0.47) 






— — 0 
0.00  
(p = 0.94) 















(p = 5.2 x 10-15) 
Location (projected latitude 
and longitude in m) 
— — — 
edf = 22.10, 
χ2 = 131.39 
(p < 0.00001) 
edf = 21.58, 
χ2 = 128.74 
(p < 0.00001) 
edf = 22.01, 
χ2 = 132.56 
(p < 0.00001) 
22.43 
146.19  






Table S2D.  Rural earnings sensitivity analysis results for multivariable logistic regressions 
predicting the presence of at least one disposal well in a census block group, including odds ratios 
and 95% profile confidence intervals for rural census block groups with data on all independent 
variables (n = 993 census block groups) including Akaike information criterion (AIC) and 
Bayesian information criterion (BIC) comparisons without interactions.  Models with a spatial 
spline include a smoothed thin plate spline term to model the interaction between latitude and 
longitude with a smoothing parameter of k = 50.  The full generalized additive model was fit using 
thin plate splines with smoothing parameters of k = 5 for each non-spatial variable and k = 50 for 
the spatial interaction term. 
Independent variable or 
















Full generalized additive 
model 
Diagnostics 
AIC 770.27 760.22 762.83 762.84 610.23 608.87 602.91 
BIC 829.08 784.72 777.54 784.53 744.44 734.37 801.85 
Moran’s I 
0.082  
(p < 0.00001) 
0.082  
(p < 0.00001) 
0.084  
(p < 0.00001) 
0.0075  
(p = 0.00060) 
0.0082  
(p = 0.00019) 
0.0084  
(p = 0.00015) 
0.0068  






























— — 0 
0.00 
(p = 0.35) 






— — 0.05 
0.05 
(p = 0.31) 






— — 0.44 
0.61 
(p = 0.22) 






— — 0.9 
1.49 
(p = 0.16) 













(p = 0.88) 






— — 0.68 
0.96 








— — 0.58 
1.25 
(p = 0.13) 












(p = 0.37) 
Median individual earnings 






— — 0.26 
0.35 
(p = 0.22) 















(p = 8.0 x 10-15) 
Location (projected latitude 
and longitude in m) 
— — — 
edf = 22.02, 
χ2 = 128.94 
(p < 0.00001) 
edf = 21.11, 
χ2 = 125.61 
(p < 0.00001) 
edf = 21.34, 
χ2 = 128.00 
(p < 0.00001) 
22.06 
141.70 











































































































































































































































































293 1 0 
0.70
8 
                                                           
3 (Akaike 1973) 
4 (Box and Tidwell 1962) 
5 (Hosmer and Lemesbow 1980) 


































































































































































































































































































































































































































Figure S4.  Locally estimated scatterplot smoothing (LOESS) curves of the continuous 
independent variables considered for the logistic regression model against the logit of the 








Figure S5A.  Median home value sensitivity analysis generalized additive model component fitted 
splines and partial residual plots predicting the probability of at least one well in a census block 
group (y) using 12 predictors (x) and a maximum smoothing parameter of k = 5 for non-spatial 
variables and k = 51 for spatial variables via maximum likelihood (ML) estimation.  Green 
bounds indicate 95% point-wise confidence intervals around the fitted spline.  Ticks on the x-axis 








Figure S5B.  Income concentration at the extremes sensitivity analysis generalized additive model 
component fitted splines and partial residual plots predicting the probability of at least one well in 
a census block group (y) using 12 predictors (x) and a maximum smoothing parameter of k = 5 for 
non-spatial variables and k = 50 for spatial variables via maximum likelihood (ML) estimation.  
Green bounds indicate 95% point-wise confidence intervals around the fitted spline.  Ticks on the 







Figure S5C.  Poverty sensitivity analysis generalized additive model component fitted splines and 
partial residual plots predicting the probability of at least one well in a census block group (y) 
using 12 predictors (x) and a maximum smoothing parameter of k = 5 for non-spatial variables 
and k = 50 for spatial variables via maximum likelihood (ML) estimation.  Green bounds indicate 
95% point-wise confidence intervals around the fitted spline.  Ticks on the x-axis indicate data 








Figure S5D.  Median individual earnings sensitivity analysis generalized additive model 
component fitted splines and partial residual plots predicting the probability of at least one well in 
a census block group (y) using 12 predictors (x) and a maximum smoothing parameter of k = 5 for 
non-spatial variables and k = 50 for spatial variables via maximum likelihood (ML) estimation.  
Green bounds indicate 95% point-wise confidence intervals around the fitted spline.  Ticks on the 






Figure S6A.  Rural median home value sensitivity analysis generalized additive model component 
fitted splines and partial residual plots predicting the probability of at least one well in a census 
block group (y) using 12 predictors (x) and a maximum smoothing parameter of k = 5 for non-
spatial variables and k = 50 for spatial variables via maximum likelihood (ML) estimation.  Green 
bounds indicate 95% point-wise confidence intervals around the fitted spline.  Ticks on the x-axis 








Figure S6B.  Rural income concentration at the extremes sensitivity analysis generalized additive 
model component fitted splines and partial residual plots predicting the probability of at least one 
well in a census block group (y) using 12 predictors (x) and a maximum smoothing parameter of k 
= 5 for non-spatial variables and k = 50 for spatial variables via maximum likelihood (ML) 
estimation.  Green bounds indicate 95% point-wise confidence intervals around the fitted spline.  








Figure S6C.  Rural poverty sensitivity analysis generalized additive model component fitted 
splines and partial residual plots predicting the probability of at least one well in a census block 
group (y) using 12 predictors (x) and a maximum smoothing parameter of k = 5 for non-spatial 
variables and k = 50 for spatial variables via maximum likelihood (ML) estimation.  Green 
bounds indicate 95% point-wise confidence intervals around the fitted spline.  Ticks on the x-axis 







Figure S6D.  Rural earnings sensitivity analysis generalized additive model component fitted 
splines and partial residual plots predicting the probability of at least one well in a census block 
group (y) using 12 predictors (x) and a maximum smoothing parameter of k = 5 for non-spatial 
variables and k = 50 for spatial variables via maximum likelihood (ML) estimation.  Green 
bounds indicate 95% point-wise confidence intervals around the fitted spline.  Ticks on the x-axis 










Figure S7A.  Standardized deviance residual maps for the full models including median home 
value: logistic model (top), logistic model with spline term (middle), and generalized additive 
model (bottom). 
A. Non-spatial logistic model 
 
B. Linear logistic model with spatial spline term 
 








Figure S7B.  Standardized deviance residual maps for the full models including income 
concentration at the extremes: logistic model (top), logistic model with spline term (middle), and 
generalized additive model (bottom). 
A. Non-spatial logistic model 
 
B. Linear logistic model with spatial spline term 
 






Figure S7C.  Standardized deviance residual maps for the full models including percent in 
poverty: logistic model (top), logistic model with spline term (middle), and generalized additive 
model (bottom). 
A. Non-spatial logistic model 
 
B. Linear logistic model with spatial spline term 
 







Figure S7D.  Standardized deviance residual maps for the full models including median 
individual earnings: logistic model (top), logistic model with spline term (middle), and generalized 
additive model (bottom). 
A. Non-spatial logistic model 
 
B. Linear logistic model with spatial spline term 
 







Figure S8A.  Rural standardized deviance residual maps for the full models including median 
home value: logistic model (top), logistic model with spline term (middle), and generalized 
additive model (bottom). 
A. Non-spatial logistic model 
 
B. Linear logistic model with spatial spline term 
 








Figure S8B.  Rural standardized deviance residual maps for the full models including income 
concentration at the extremes: logistic model (top), logistic model with spline term (middle), and 
generalized additive model (bottom). 
A. Non-spatial logistic model 
 
B. Linear logistic model with spatial spline term 
 







Figure S8C.  Rural standardized deviance residual maps for the full models including percent in 
poverty: logistic model (top), logistic model with spline term (middle), and generalized additive 
model (bottom). 
A. Non-spatial logistic model 
 
B. Linear logistic model with spatial spline term 
 







Figure S8D.  Rural standardized deviance residual maps for the full models including median 
individual earnings: logistic model (top), logistic model with spline term (middle), and generalized 
additive model (bottom). 
A. Non-spatial logistic model 
 
B. Linear logistic model with spatial spline term 
 







A1.  Additional data obtained for use in future analyses. 
Saltwater disposal well count 
In addition to a binary variable for presence or absence of at least one saltwater disposal well in a block 
group, we also created a variable for saltwater disposal well count for use in future zero-inflated 
nonbinary regression analyses. 
Saltwater disposal wells from January 1, 2010 to October 31, 2018 (binary and count) 
To explore the potential impact of the post-2010 boom in horizontal drilling on wastewater disposal in 
Kansas, we used the permit, spud, and completion dates in the KGS oil and gas well database to create 
both binary and count variables for wells permitted, spudded, or completed from January 1, 2010, to 
October 31, 2018. 
Fluid injection volumes 
We obtained fluid injection volumes (barrels per month) by well through 2017 from the Kansas 
Geological Society Fluid Injection Database to construct variables for fluid injection volumes (in total 
barrels disposed) both for all time through the end of 2017 to capture the total potential for exposure and 
from 2010 to 2017 only to capture the potential impact of the post-2010 boom in horizontal drilling 
(Kansas Geological Survey 2018b). 
Horizontal well data 
We obtained a list of well KIDs of wells with non-zero digits in the second place of the API event code, 
indicating a slanted or horizontal well, drilled through October 31, 2018 from the Kansas Geological 
Survey (Kansas Geological Survey 2019) (n = 1,085 unique KIDs) to create a horizontal well count 
variable. 
Rural-urban commuting area codes 
For additional urban-rural sensitivity analyses, we obtained rural-urban commuting area codes by 
census tract from the United States Department of Agriculture (United States Department of Agriculture 
2013), which classify tracts by a combination of population density and commuting flows (United 
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